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This paper describes the development of statistical models to predict charcoal consumption
in  blast furnaces based on Response Surface Models (RSM) and Linear Regression Models
(LRM).  The statistical approach used provides a high level of conﬁdence and allows the
company  to act preemptively fostering innovative business and in the action plan to reduce
hot  metal production cost, to improve raw materials processing and other actions in order
to  provide the blast furnaces with raw materials at minimal cost. It is a special particularity
and  represents a great step in V & M do Brasil blast furnaces’ operation which no longer
uses  standard ferrous load and started to operate with greater ﬂexibility and variabilityot  metal production
ellet
concerning  the types of ferrous load applied to achieve better economic results.
©  2013 Brazilian Metallurgical, Materials and Mining Association. Published by Elsevier
Editora Ltda. Este é um artigo Open Access sob a licença de CC BY-NC-ND.  Introduction
he main objective of a blast furnace is to reduce chemi-
ally  and convert physically iron oxides into liquid iron, which
s  called hot metal. Hot metal manufacturing process con-
umes  about 70% of the entire energy of steel manufacturing
ntegrated route. Besides, social and industrial needs for iron
nd  steel, high prices of raw materials and reducing agents
ave  also increased the necessity to model and control this
omplex  process in order to increase productivity and reduce
osts.  However, internal phenomena of hot metal manufac-
uring  are extremely challenging for human mind. This is due
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various  phases occurring simultaneously and their interac-
tions;  time, mass and energetic exchanges, which hinder
direct  measurements of many  variables in the blast furnace
[1].
In  order to obtain suitable conditions for thermal control,
permeability and hearth exhaustion, to promote an efﬁcient
and  steady operation, with high productivity and low con-
sumption  of reducers, it is essential to acquire information
about control parameters through metering equipment or, inom.br (R.M.R. Faleiro).
some cases, through the development of mathematical [2,3],
statistical  [1,4–9], thermodynamical [1,10], kinetic [11] models,
among  others [12–16].
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Table 1 – Parameters used in the development of
statistical models.
Parameters Unities
Response
Charcoal consumption kg/t hot metal
Variables (or factors)
Production  t hot metal
Injection rate kg/t hot metal
Type of iron ore %
Pellet %
Season304  j m a t e r r e s t e c h
An important statistical model is known as “Flint Formula,”
an  algebraic expression that allows the correlation between
carbon  speciﬁc consumption (coke-rate) and a large number
of  process variables of hot metal manufacturing in blast fur-
nace  [4]. Due to large variations in process and raw materials
qualities of charcoal blast furnaces, no statistical model has
ever  been applied [12]. A similar attempt to apply “Flint For-
mula”  to charcoal blast furnaces of non-integrated plants was
made  in 1990 [6]. Taking into account the low process stabil-
ity,  and the lack of reliability on measured operational data,
it  was  not possible to establish a correlation of process vari-
ables  with the speciﬁc carbon consumption of the charcoal
blast  furnaces from these plants. Other statistical models were
implemented in coke blast furnaces, for example, the correla-
tion  developed in 1991 [17], which related a smaller number of
variables  than that of “Flint Formula”. Probably, the referential
blast  furnace in this study had very stable operation, with little
variation  in the process, hence the efﬁciency for the speciﬁc
carbon  consumption calculation.
Since 2008, V & M do Brasil has been carrying out studies to
reduce  hot metal production cost, using historical data on raw
materials consumption and hot metal production in the blast
furnaces.  Afterwards, these data are turned into information
that  can be used to evaluate production cost and achieve better
planning  and results for the company.
2.  Materials  and  methods
V & M do Brasil hot metal is basically produced by employ-
ing  iron ore, pellet and charcoal. The plant is equipped with
two  blast furnaces: Blast Furnace 1, with a volume of 505 m3,
and  Blast Furnace 2, with 249 m3. The maximum production
capacity of both blast furnaces is 600,000 t/year. On average
the  percentage of pellet used in the blast furnaces’ mix  varies
from  25 to 60%, and the average injection rate of charcoal ﬁnes
is  170 kg/t hot metal.
The high uncertainty of physical and chemical features of
charcoal,  the use of iron ore with signiﬁcant heterogeneity,
the great inﬂuence of the climate on quality and uncertainties
of  raw materials sampling hinder the use of thermochemical
models. While this variability is to be minimized with the use
of  better technologies of carbonization and resources for raw
materials  processing, it is necessary to use statistical tools [18].
Projects using Six Sigma methodology were developed in
V  & M do Brasil to quantify and reduce the variability of char-
coal  and iron ore sampling process in order to obtain more
reliable  results. Through these studies, it was  estimated that
about  20% of the total variability of these materials is due to
sampling  procedures (collection, preparation and analysis).
Charcoal,  iron ore and pellet that fuel V & M do Brasil blast
furnaces  are routinely assessed in terms of moisture, particle
size,  chemical compositions, and then quality improvement
is  carried out. Iron ore is beneﬁciated at the processing plant
where  ﬁrstly homogeneous piles are made; secondly, iron ore
is dried; ﬁnally, it is screened to remove ﬁnes. And charcoal
is  also screened to remove ﬁnes; the thick remaining part is
sorted  into two ranges of particle size [19].
The database used to construct the models consists of
daily  real information about consumption in both blastRainy (November to March) 1
Dry (April to October) 0
furnaces, chemical and physical quality results of charcoal,
iron  ore and pellet, from May 2003 to December 2011. During
data  processing, the “outliers” were  excluded, which are the
days  when there were  shutdowns or reconnection blast fur-
naces,  since these could interfere in the adequacy of the ﬁtted
models.
The  statistical approaches used to model and analyze
the  data were  Response Surface Models (RSM) and Linear
Regression Models (LRM), chosen because they are useful in
applications  where the interest response, in this case charcoal
consumption (kg/t of hot metal), is inﬂuenced by many  vari-
ables  (or factors) and the objective is to optimize this response
[20].  Given the fact that, V & M do Brasil has two blast furnaces
with  very different characteristics, it is necessary to work with
information  from each blast furnace and adjust speciﬁc mod-
els  for each of them.
The  shape of a surface response is viewed by three-
dimensional graphics known as contour plots or contour lines.
In  most RSM problems, it is unknown how the relationship is
between response and independent variables. Therefore, the
ﬁrst  step is to identify a more  accurate approximation of this
relationship. A low degree polynomial is generally used if the
response  variable is well modeled by a linear function of vari-
ables.  Then the approximation function will be the ﬁrst-order
model:
y = ˇ0 + ˇ1x1 + ˇ2x2 + · · · + ˇkxk + ε (1)
where y = response; x = variables (or factors),  ˇ = regression
coefﬁcients and ε = errors with normal distribution, mean 0
and  standard deviation .
If there is curvature, then a higher degree polynomial has
to  be used as the second-order model:
y = ˇ0 +
k∑
j=1
ˇjxj +
∑
i<j
∑
ˇijxixj +
k∑
j=1
ˇjjx
2
j + ε (2)
In order to estimate beta coefﬁcients, Least Squares Method
[20]  is applied, which is the same method used to estimate
regression coefﬁcients in Multiple Linear Regression Models.
Blast  furnaces’ consumption parameters used in the ﬁtted
models  are summarized in Table 1.
Data were  grouped into sets according to the ferrous load
composition, i.e. into groups of days with similar percentages
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Top charcoal consumption (%) during rainy season - Blast furnace 1
67,0 Top charcoal
<55%
60% - 65%
65% - 70%
70% - 75%
75% - 77%
78% - 80%
>81%
Established parameters
Injection rate (kg/t) 180
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75,7
34,8
Production (t)
Fixed carbon (%)
Charcoal particle size (mm)
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64,0
63,0
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Pellet (%)
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 (%
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of  hot metal production and the consumption of ferrous load
and  charcoal in blast furnaces, all midpoints of several contour
plots  were collected to develop LRM.
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f ferrous load consumption (% of each type of iron ore and
 of pellet). In total, 88 different sets were deﬁned for Blast
urnace  1 and 147 different sets for Blast Furnace 2.
Averages and standard deviations of parameters response
nd  variables were  obtained for each set regarding the rainy
eason  (January, February, March, November and December)
nd  the dry season (April, May,  June, July, August, September
nd  October). For each set there was  also an addition of quality
arameters, which are the average charcoal quality results:
xed  carbon (%), ash (%), moisture (%), ﬁnes less than 10 mm
%),  average particle size (mm).  For the total ferrous load the
arameters  are: iron (%), alumina (%) and silica (%).
RSM  were  constructed for each blast furnace for the
ainy  and dry seasons using MINITAB statistical software,
onsidering single, quadratic and interactional effects of vari-
bles  listed in Table 1 along with quality parameters of
harcoal  and the ferrous load. Therefore, it was consid-
red  a signiﬁcance level of 10% in hypothesis tests for beta
oefﬁcients to determine whether a parameter was signiﬁcant
r  not and whether it should remain or be removed from the
odel.
Once  the best model for each blast furnace is deﬁned, with
he  highest multiple determination coefﬁcient R2, which is
sed  as a measure to ﬁt the model [20], the next step was
o  prepare contour plots considering both parameters vari-
tion  (x- and y-axes) and ﬁxing the others, based on actual
alues  already used in the blast furnaces. The response “char-
oal  consumption” is visually differentiated by colors in the
ontour  plots and measured in values ranges.
In order to facilitate the use of information from the con-
our  plots, the midpoint of each graph was  used to develop
RM.  Firstly, models were developed to predict the percentage
f  pellet according to daily production (t) of hot metal. Then,
odels  were developed to predict charcoal consumption (kg/t
f hot metal) in relation to percentage of pellet used in total
errous  load.
.  Results  and  discussion
.1.  RSM
he best ﬁtted RSM, considering only signiﬁcant effects at a
igniﬁcance level of 10%, showed R2 of 88.3% and 87.1% for
last  Furnace 1, in the rainy and dry seasons, respectively;
nd 76.2% and 70.0% for Blast Furnace 2, in the rainy and
ry  seasons, respectively. Models residuals were analyzed and
omplied  with the requirements of normal distribution, mean
round  zero and constant variance, as required by the statis-
ical  model.
.2.  Contour  plots
ontour plots, as shown in Fig. 1, have been prepared consid-
ring  the x-axis “Pellet (%) used in the ferrous load” and the
-axis  “Iron (%) used in ferrous load”. The response “Top char-
oal  consumption,” is visually differentiated in the contours
nd  is represented in percentage in relation to “Total charcoal
onsumption (top + injection + loss).”Fig. 1 – Example of contours plot.
In order to construct a contour plot as demonstrated in
Fig.  1, the x- and y-axes must contemplate actual value ranges
of  operation and the other RSM parameters must be estab-
lished.  For instance, 800 t/day to produce hot metal in Blast
Furnace  1, during the rainy season, it is possible to use from
40  to 70% of pellet, while iron content in the total ferrous load
might  range from 63 to 67%. The established values for the
other  model parameters were: injection rate of 180 kg/t, ﬁxed
carbon  of 75.7% and charcoal particle size of 34.8 mm.  For
these  values, the plot shows that the higher the percentage
of  pellet and the iron content in the ferrous load are, the lower
the  top charcoal consumption is. Considering percentages in
relation to total charcoal consumption, which is the sum of
top,  injection and loss, the top consumption in this example
ranges  from 55% to 81% in relation to total consumption.
These curves allow the company to estimate immediate
costs and they are strategically used in front of offers and
market  opportunities of pellet and iron ore with immediate
ﬁnancial return in order to achieve better economic results.
3.3.  LRM
In order to facilitate the use of information from the contour
plots  before providing with the monthly and annual planningFig. 2 – Model that determines the percentage of pellet to
be  used in the blast furnaces’ mix  in relation to daily hot
metal  production (t).
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(%)  based on percentage of pellet to be used in the blast
r
Seminário de reduc¸ão  de minério de ferro e matérias-primasfurnaces’ mix.
Based on blast furnaces daily production plan, the ﬁrst step
is  to determine the percentage of pellet to be used in the
blast  furnaces. LRM were  developed as in Fig. 2, which shows
the  existence of a signiﬁcant positive correlation (R2 = 97.8%)
between  hot metal daily production (t) and the percentage of
pellet  to be used in ferrous load. To put it in a general way, the
higher  the production, higher will be the percentage of pellet
to  be used in the blast furnace.
Once  the percentage of pellet in the ferrous load is deﬁned,
the  next step is to estimate charcoal consumption. Fig. 3 illus-
trates  the developed models per season, rainy and dry, which
estimate  top charcoal consumption (% in relation to total char-
coal  consumption) based on the percentage of pellet used in
the blast furnaces ferrous load.
Highly accurate developed models have been used to set
targets  for the consumption of charcoal and ferrous load since
January  2012. The average difference between actual charcoal
consumption in 2012 and the estimate given by the models is
1.04%.
4.  Conclusions
The statistical approaches used, RSM and LRM, are in the
domain  of technical and scientiﬁc community. However, the
application  of these approaches seeking the development of
a  model to estimate charcoal consumption in blast furnace,
using  hot metal production historical data and ferrous loads
consumption has never been done before.
In addition, developed models are highly accurate, so
the  company is able to act preemptively fostering inno-
vative  business and in the action plan to reduce hot
metal  production cost, to improve raw materials processing
and  other actions in order to provide the blast furnaces
with raw materials at minimal cost. Meanwhile the devel-
opment  of new charcoal manufacturing technologies to
improve  the quality and homogeneity of charcoal is still in
progress.
In  conclusion, the work developed pioneered the use of
statistical  approach in charcoal blast furnaces, and it is a
great  step in blast furnace operation, with special particu-
larity  for V & M do Brasil blast furnaces’ operation, which
no  longer uses standard ferrous load and started to oper-
ate  with greater ﬂexibility and variability concerning the. 2 0 1 3;2(4):303–307
types of ferrous load applied to achieve better economic
results.
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